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Introduction
Functional magnetic resonance imaging (fMRI) is a neuroimaging technique that allows non-invasive visualisation of whole-brain activity. It detects changes in the blood oxygenation level dependent (BOLD) signal, which reflects neuronal activity (Matthews and Jezzard, 2004) . Generally, fMRI is used to construct maps indicating brain regions that are activated by a certain task. In contrast to taskbased fMRI, resting-state fMRI (rsfMRI) does not require subjects to perform any specific task. During rest, background activity modulates the BOLD signal, inducing spontaneous low frequency fluctuations. Based on statistical dependencies between the BOLD time series of brain regions of interest, functionally connected regions can be identified and functional brain networks can be detected (Wang et al., 2010) . Several techniques can be used to assess functional connectivity, such as seed-based correlation, independent component analysis (ICA) and graph theory (Smitha et al., 2017) . Functional connectivity is affected in several neurological disorders, including Alzheimer's disease, depression, schizophrenia, attention-deficit hyperactivity disorder and epilepsy (Fox and Greicius, 2010) .
In most rsfMRI studies, functional connectivity is calculated based on statistical dependencies between brain regions over the entire scan, which usually lasts 5 to 20 minutes, and is thus assumed to be stationary . However, several fMRI and electrophysiological studies have demonstrated that functional connectivity fluctuates within shorter time scales of seconds (Chang and Glover, 2010; Preti et al., 2017) . To capture these fast changes, dynamic functional connectivity (dFC) can be used (Grandjean et al., 2017) . The most common strategy to investigate dFC is using a sliding window approach where pairwise connectivity between brain regions or voxels is repeatedly evaluated for (non)overlapping time windows of data (Hutchison et al., 2013; Preti et al., 2017) . Differences in dFC between patients and controls have been found in several neurological disorders, including schizophrenia, autism, mild cognitive impairment, Alzheimer's disease, post-traumatic stress disorder and multiple sclerosis (for review see Preti et al., 2017) , but also in epilepsy (Klugah-Brown et al., 2019; Li et al., 2018a Li et al., , 2018b Liu et al., 2017; Pedersen et al., 2017; Wang et al., 2019) .
Epilepsy is a neurological disorder characterized by recurrent epileptic seizures (Fisher et al., 2005) and about one third of patients suffer from drug-resistant epilepsy, i.e., their seizures cannot be controlled with anti-epileptic drugs. The most common type of acquired drug-resistant epilepsy is temporal lobe epilepsy (TLE) (Engel Jr, 2014) . Using different analysis techniques, dFC studies found several alterations in TLE patients, including altered mean and variance of the BOLD signal (Laufs et al., 2014) and altered variability of functional connectivity and graph theory metrics (Chiang et al., 2018 (Chiang et al., , 2016 Laufs et al., 2014; Morgan et al., 2015) . Epilepsy is often caused by an initial precipitating insult (IPI) such as stroke, infection, trauma, brain tumor or (febrile) status epilepticus (SE). Following an IPI, functional and structural changes occur in the brain which in some patients are associated with the development of spontaneous epileptic seizures. The process where a healthy brain is transformed into an epileptic brain is called epileptogenesis (Goldberg and Coulter, 2013) .
In this study, changes in dynamic FC and network topology during the development of epilepsy were investigated in the intraperitoneal kainic acid (IPKA) rat model of TLE. The aim of this study was twofold: (1) to characterize how dFC and dynamic network topology of the rat brain change after SE and during the development of TLE, and (2) to evaluate whether these changes are associated with the occurrence of spontaneous seizures. To the best of our knowledge, no studies have investigated dFC and dynamic network topology in an animal model of epilepsy.
Materials and methods

Data set
The data set consisted of rsfMRI scans and EEG recordings of 27 adult male Sprague -Dawley rats (276 ± 15 g body weight; Envigo, The Netherlands), of which 20 were IPKA animals and 7 control animals. An extra data set was used to validate our methods. This validation data set consisted of rsfMRI scans of 8 adult male Sprague-Dawley rats (237 ± 11 g body weight; Envigo), all of which were IPKA animals.
Animals
The animals were treated according to European guidelines (directive 2010/63/EU). The local Ethical Committee on Animal Experiments of Ghent University (ECD 16/31) approved the protocol. The animals were housed individually in type III H cages (Tecniplast, Australia) on wood -based bedding (Carfil, Belgium), under environmentally controlled conditions (12h normal light/dark cycles, 20-23°C and 40-60% relative humidity) with food (Rats and Mice Maintenance, Carfil, Belgium) and water ad libitum. Paper nesting material (Nesting, Carfil, Belgium) and a gnawing wood (M-brick, Carfil, Belgium) were used to enrich the cages.
Status epilepticus
Twenty animals of the main data set and all 8 animals of the validation data set were intraperitoneally (i.p., 5 mg/kg/h) injected with kainic acid (KA; Tocris Bioscience, UK) according to the protocol of Hellier et al. (1998) at an age of 8 weeks. KA was administered every hour until motor seizures were elicited for at least 3 hours, referred to as status epilepticus (SE). On average, the animals were injected with 12.7 mg/kg KA (range: 5-20 mg/kg). Two animals died during or within 4 hours after SE induction. The other 7 animals of the main data set were injected similarly with saline and served as control group.
Image acquisition
In the main data set, anatomical and resting state functional MRI was performed one week before and 1, 3, 6, 10 and 16 weeks after SE. One IPKA rat was excluded 3 weeks after SE, because of a large artifact on the MR images caused by a metal fragment lodged behind its teeth. Anatomical and resting state functional MR images were acquired 20 weeks post-SE in the animals in the validation data set. These animals had been intrahippocampally injected with the viral vector AAV2/7-CamKIIα-hM4Di-mCherry (titer 2.78x10 13 genome copies/ml) 16 weeks post-SE as part of an additional study. Animals were transported to the MR facility one day before scanning. They were sedated with medetomidine while the functional MR images were acquired (Weber et al., 2006) . First, the animals were anesthetized with isoflurane (5% for induction, 2% for maintenance; Isoflo, Zoetis, USA) and O 2 . Then a bolus of medetomidine (0.05 mg/kg; Domitor, Orion Pharma, Finland) was injected subcutaneously and after 10 minutes, isoflurane anaesthesia was discontinued. Continuous subcutaneous infusion of medetomidine (0.1 mg/kg/h) was started 15 minutes after the bolus injection and 25 minutes later functional MR images were acquired. Anaesthesia was reversed after the image acquisition with a subcutaneous injection of atipamezole (0.1 mg/kg; Antisedan, Orion Pharma, Finland). The MR images were acquired on a 7 T system (PharmaScan, Bruker, Germany) using a transmit body volume coil (Rapid Biomedical, Germany) and an actively decoupled rat head surface coil (Rapid Biomedical, Germany) to receive the signal. A circulating-water heating pad maintained the body temperature of the animals and respiration was measured using a pressure sensor. After optimizing the magnetic field homogeneity, TurboRARE T2-weighted anatomical images (TR: 3661 ms, TE: 37 ms, 30 slices, FOV: 35 x 35 mm 2 , in-plane slice resolution: 109 x 109 µm 2 , slice thickness: 0.6 mm, acquisition time: 9 min 46 s) were acquired. Next, 3 rsfMRI scans were acquired for the main data set and 2 for the validation data set using single-shot gradient echo echo-planar imaging (GE-EPI; TR: 2000 ms, TE: 20 ms, 16 slices, FOV: 30 x 30 mm 2 and voxel size: 0.375 x 0.375 x 1 mm 3 ). Each rsfMRI scan consisted of 300 repetitions and lasted 10 minutes.
Electrode implantation
On average 19.5 weeks after SE (range 17 to 23 weeks), recording electrodes were implanted in both hippocampi in the animals of the main data set. The rats were anesthetized with a mixture of isoflurane (5% for induction, 2% for maintenance) and medical O 2 . After exposing the skull, 13 small burr holes were drilled: 9 for positioning of stainless steel anchor screws (1.75 mm diameter; PlasticsOne, USA), 2 for the epidural ground/reference electrodes above right and l eft frontal cortex respectively and 2 for bilateral hippocampal EEG recording electrodes. Epidural electrodes and bipolar recording electrodes were custom-made by connecting an insulated copper wire to an anchor screw and by twisting two polyimide-coated stainless steel wires (70 μm bare diameter, 900 µm distance between wire tips; California Fine Wire, USA) around each other, respectively. Recording electrodes were implanted in the left and right hippocampus using stereotactic coordinates based on the Rat Brain Atlas by Paxinos and Watson (2013) (AP -3.8 mm, ML +/-2.2 mm relative to bregma, DV about -3.3 mm relative to brain surface). The T2-weighted anatomical MR images, obtained 16 weeks post-SE, were used to check whether the implantation site was free of KA-induced lesions. Real time electrophysiological recordings were monitored visually and auditively during positioning of the electrodes to ensure that one tip of the electrode was placed in the subgranular layer of the dentate gyrus and the other in the pyramidal cell layer of the CA1 region. All electrode leads ended in a connector that was attached to the skull and the anchor screws using acrylic dental cement. Meloxicam (1 mg/kg, subcutaneously, Boehringer Ingelheim, Germany) was injected at the end of the surgery and lidocaine (2% Xylocaine gel, AstraZeneca, UK) was locally applied to the wound to minimize discomfort. Meloxicam was injected a second time 24 hours after surgery.
EEG recording
EEG recordings were started after one to two weeks of recovery. The EEG set up consisted of a custom-built head stage with unity gain preamplifier (based on TI TL074 JFET OpAmps), shielded 12channel cables (363/2-000; PlasticsOne), a 12-channel commutator (SL12C; PlasticsOne) and a custom-built 512x amplifier (based on TI TL074 JFET OpAmps and a first order high-pass filter with a time constant of 1 s). Animals were awake and freely moving during the recording period. Signals were sampled at 2 kHz by a 16-bit resolution data acquisition card (USB-6259, National Instruments, USA) and stored on the computer for offline analysis by a Matlab-based script (MathWorks, USA). Experienced investigators annotated seizures visually. An electrographic seizure was defined as a repetitive pattern (>2 Hz) of complex, high amplitude EEG spikes that lasts for minimally 5 seconds. Following an acclimatization period of 3 days, average number of seizures per day was calculated based on 7 consecutive days of EEG recording. 2.7. Dynamic functional brain network 2.7.1. Parcellation An in-house parcellated atlas containing 38 cortical and subcortical regions of interest (ROIs), manually constructed based on T2w anatomical images of part of the main data set (10 animals) using SPM12 and Matlab, was used to construct the dynamic functional brain network. The ROIs included auditory cortex, caudate putamen, cingulate cortex, dorsolateral orbital cortex, globus pallidus, hippocampus, insula, motor cortex, nucleus accumbens, parietal association cortex, piriform cortex, posterior parietal cortex, prelimbic cortex, retrosplenial cortex, septum, somatosensory cortex, temporal association cortex, thalamus and visual cortex, each in the left and right hemisphere. The atlas was adapted to the IPKA model, i.e., hyperintensities visible on the T2w images indicative for structural damage were excluded from the ROIs.
Sliding window analysis
The sliding window approach, implemented in the Graph Theoretical Network Analysis (GRETNA; Wang et al., 2015) toolbox, was used to calculate the dFC between the ROIs (Figure 1 ). The mean time series for each ROI were extracted and the Pearson correlation coefficient was calculated between each pair within a rectangular time window of 50 s. Then the time window was shifted repeatedly with 2 s and each time the correlation coefficients were calculated. This way 276 correlation matrices (38 x 38) were obtained for each scan. For further analysis, the correlation coefficients were Fisher r-to-z transformed to obtain a normal distribution. In addition, graph theory was used to assess the functional organization of the brain within each time window (Rubinov and Sporns, 2010) . The correlation matrices were represented as a graph with the ROIs as nodes and the correlation coefficients between the ROIs as edges. The weakest edges were removed to obtain a 35% network density, i.e., the number of remaining connections divided by the maximum number of possible connections. Several graph theoretical metrics were calculated using GRETNA. On a global level, degree, characteristic path length, global efficiency, clustering coefficient and local efficiency were determined, and degree was calculated for each node or ROI as well. Degree is the number of edges connected to a node. Characteristic path length is the average number of edges connecting two nodes in the graph and global efficiency is the average inverse path length between two nodes. Clustering coefficient is the proportion of neighbours of a node that are also connected to one another, and local efficiency is global efficiency calculated within the neighbourhood of a node, i.e., the nodes connected to that node. Degree is a measure of the importance of a node in the graph, characteristic path length and global efficiency are measures of functional integration or overall communication efficiency, and clustering coefficient and local efficiency are measures of functional segregation or local interconnectivity in the network (Rubinov and Sporns, 2010; Wang et al., 2010) .
States of functional connectivity and functional network topology
The correlation matrices were classified into a subset of connectivity states. These states can be seen as recurring patterns of functional connectivity. A k-means clustering algorithm (kmeans function in Matlab) was used to partition the correlation matrices into a number of clusters and the optimal number of clusters was determined by the Elbow method (Ketchen and Shook, 1996) . In k-means clustering, the total intra-cluster variation is minimized. The Elbow method calculates the intracluster variation in function of the number of clusters and determines for which number of clusters, adding another cluster does not lead to a large decrease in intra-cluster variation. The clustering was performed on the entire data set containing 144900 correlation matrices, consisting of the scans of all animals of the main data set at all time points. For each state of functional connectivity, mean, standard deviation, maximum and minimum z-scores were calculated. Then they were sorted from highest to lowest mean value. In addition, the graph theoretical network metrics characteristic path length, clustering coefficient, global and local efficiency, and global and nodal degree were calculated for each state. These network metrics were calculated at different densities of the correlation matrices, from 20% to 50% density with a 5% interval, and averaged over these densities. Moreover, coreness of the nodes was used to assess the importance of the nodes in each functional connectivity state, regardless of the mean value of this state. A functional brain network usually consists of a core, i.e., a set of highly connected nodes, and a periphery, i.e., the other, weakly connected, nodes. Coreness indicates how often a node is part of the core and is a number between 0 (never in the core) and 1 (always in the core) (Battiston et al., 2018) . To calculate coreness, all nodes are ranked from highest to lowest degree. Then the connection strength with all nodes with a higher degree is calculated for each node. The node for which this value is maximal is the limit of the core. All nodes with a higher degree are part of the core and are assigned coreness 1, all nodes with a lower degree are part of the periphery and are assigned coreness 0. This is done for all network densities and averaged, leading to a coreness between 0 and 1 for each node in the network.
To assess the variability in functional network topology, the standard deviation over the 276 time windows was calculated for all graph theoretical network metrics. Then, the time-varying network topology, characterized by a combination of the global network metrics degree, clustering coefficient, characteristic path length and local and global efficiency, was classified into a subset of states as well.
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Journal Pre-proof Figure 1 : Construction and clustering of dynamic functional brain networks: Pearson correlation coefficient is calculated between each pair of ROIs within a rectangular time window of 50 s that is shifted repeatedly with 2 s, to obtain 276 38 x 38 correlation matrices that are then clustered into 6 recurring states of functional connectivity. After applying a threshold to obtain a network density of 35%, several graph theoretical network metrics are calculated for each correlation matrix to quantify its topology. The different network topologies are then clustered into 6 states of functional network topology (Adapted from Preti et al., 2017) .
Dwell time and number of transitions
For each animal and each time point, the percentage dwell time for each state of functional connectivity and network topology was determined. This was calculated as the ratio of the number of times a state occurs within a scan to the total number of windows within the scan (n=276). In addition, the number of transitions was calculated. This is the number of times the functional connectivity changes between states within a scan, i.e., within 10 minutes. These parameters, and J o u r n a l P r e -p r o o f the variability in network topology, were statistically analysed using a linear mixed-effects model (LMEM) in IBM SPSS Statistics for Windows, version 26 (IBM Corp., N.Y., USA). The covariance structure was the 'compound symmetry' structure, fixed factors were group (IPKA animals and control animals), time (baseline, 1, 3, 6, 10 and 16 weeks after SE) and group-by-time interaction. Least-significant-difference tests were used to explore significant effects and interactions, a significance level of 0.05 was used for main effects and interactions, and the Bonferroni and false discovery rate (FDR) correction were used to correct for multiple comparisons between time points and variables, respectively. For some parameters, the assumption of normally distributed residuals was not met, most likely due to a large number of zero values in some states. In this case, effect of group was evaluated using the non-parametric Mann-Whitney U test and effect of time with the nonparametric Friedmann test. For pairwise comparisons, the Mann-Whitney U test and Wilcoxon signed-rank test were used for between-group and within-group statistical testing, respectively, and the Bonferroni correction was used to correct for multiple comparisons.
Correlation with seizure frequency
The Pearson correlation coefficient was calculated to assess the correlation be tween mean daily seizure frequency and dFC parameters such as dwell time in states of functional connectivity and network topology, number of transitions between states, and standard deviation of global network metrics at each time point. A significance level of 0.05 was used. If the one-sample Kolmogorov-Smirnov test showed that one of the variables was not normally distributed, Spearman's rank -order correlation was used instead of Pearson correlation. FDR correction was used to correct for multiple comparisons when calculating the correlation between seizure frequency and percentage dwell time in different states at the same time point.
Influence of window length
One of the limitations of a sliding window analysis, is that the window length has to be chosen a priori. If it is too short, false fluctuations can be observed in the dFC, but if the window length is too long, not all genuine fluctuations will be detected. A window length of 30 to 60 s is usually a good trade-off . In this study, we chose a window length of 50 s or 25 TRs. To assess the influence of the choice of window length, we repeated the calculation of dwell time in and number of transitions between states of functional connectivity using window lengths of 30 s (15 TRs) and 70 s (35 TRs).
Results
States of functional connectivity and network topology
Using k-means clustering and the Elbow method, all time-varying correlation matrices were assigned to one of 6 recurring states of functional connectivity ( Figure 2 ). For each state, mean, standard deviation, maximum and minimum z-scores are listed in Table 1 . The states were sorted from highest (State 1) to lowest mean value (State 6). In addition, 4 global network metrics were calculated and displayed in Figure 3 . Characteristic path length was lowest in State 1 and highest in State 6, while clustering coefficient and local and global efficiency were highest in State 1 and lowest in State 6. In Figure 4 , nodal degree and coreness are visualized for each state. Average degree decreased from State 1 to State 6, but the relative importance of the nodes in the network remained similar. For each state, the core consisted of somatosensory cortex, cingulate cortex, motor cortex, visual corte x, caudate putamen, thalamus, retrosplenial cortex and hippocampus. Of these regions, visual cortex, thalamus and hippocampus varied most between states.
Network metrics were not only calculated for the 6 FC states, but also for the time -varying correlation matrices. The standard deviation over the 276 time windows of global degree, clustering coefficient and global efficiency is visualized in Figure 5 . Statistical analysis showed that standard deviation of global degree and global efficiency was significantly lower in the IPKA group compared to the control group (U=1.27 10 3 , p<0.001 and U=1.21 10 3 , p<0.001, respectively), while standard deviation of clustering coefficient was significantly higher (F 1,24.3 =12.5, p=0.002). Standard deviation of global degree and global efficiency decreased significantly during epileptogenesis in the IPKA group (χ 2 =22.3, p<0.001 and χ 2 =15.6, p=0.008, respectively) but not in the control group (χ 2 =1.61, p=0.900 and χ 2 =3.08, p=0.687, respectively). There was a significant increase in standard deviation of clustering coefficient during epileptogenesis in the IPKA group (F 5,123 =3.93, p=0.002), but not in the control group (F 5,122 =1.45, p=0.210).
The time-varying network metrics were also decomposed into 6 recurring states of functional network topology using k-means clustering in combination with the Elbow method. The states were sorted from highest to lowest global degree. Clustering coefficient, local and global efficiency were highest in State 1 and lowest in State 6, while characteristic path length was lowest in State 1 ( Figure  6 ). Similar results were obtained for percentage dwell time in states of functional network topology. In State 1, 2 and 3, dwell time was significantly lower in the IPKA group compared to the control group, while in State 5 and 6, dwell time was significantly higher in the IPKA group. Percentage dwell time in State 1, 2, 3 and 4 decreased significantly during epileptogenesis in the IPKA group, while it increased significantly in State 5 and 6. No significant changes over time were found in the control group. The results of the statistical analysis are summarized in Table 2 . 
Number of transitions between states of functional connectivity and network topology
The number of transitions between states of functional connectivity and states of functional network topology are visualized in Figures 8A and 8B , respectively. Each stacked bar represents the total number of transitions at one time point averaged over all animals within one group (IPKA group or control group). Each segment of a bar represents the number of transitions between two specific states. Only transitions between consecutive states are represented, since transitions between nonconsecutive states were rare.
The total number of transitions between states of functional connectivity was significantl y lower in the IPKA group compared to the control group and decreased significantly during epileptogenesis in the IPKA group. More specifically, the number of transitions between states 1 and 2, 2 and 3, and 3 and 4 was significantly lower in the IPKA compared to the control group and decreased significantly during epileptogenesis in the IPKA group. The number of transitions between states 5 and 6 was significantly higher in the IPKA group and the number of transitions between states 4 and 5, and 5 and 6 increased significantly during epileptogenesis in the IPKA group.
Similar results were obtained for the number of transitions between states of functional network topology. The total number of transitions was significantly lower in the IPKA group compared to the J o u r n a l P r e -p r o o f Journal Pre-proof control group, but there was no significant effect of time in either group. In the IPKA group, the number of transitions between states 1 and 2, 2 and 3, and 3 and 4 was significantly lower and between states 5 and 6 significantly higher compared to the control group. There was a significant decrease in number of transitions between states 1 and 2, 2 and 3, and 3 and 4 during epileptogenesis in the IPKA group, while number of transitions between states 5 and 6 increased significantly. The results of the statistical analysis are summarized in Table 3 . 
Correlation of mean global network metrics, percentage dwell time and number of transitions with seizure frequency
During 7 days of consecutive EEG monitoring at least 19 weeks post-SE, the animals had a mean average daily seizure frequency of 22 seizures per 24 hours (range: 0 -53). One animal did not display any seizures on EEG during the recording period but did display occasional tonic-clonic seizures outside the recording period (e.g., when entering the housing room) and interictal epileptiform activity, such as epileptic spikes and pathological high frequency oscillations that could be observed on the EEG signal. Therefore, it was considered epileptic. Figure 10 ).
In addition, there was a positive correlation between average seizure frequency and the standard deviation over 276 time windows of global degree and local efficiency 1 week post-SE. 
Influence of window length
Six states of functional connectivity were calculated using window lengths of 30 s (15 TRs) and 70 s (35 TRs). The mean value, standard deviation, maximum and minimum of each state for each window length were similar for the different window lengths ( Figure A.1, Table A .1). Similar changes in percentage dwell time and number of transitions were found for window lengths of 30 s and 70 s as for 50 s (Figure A.2, Table A.2) . The different window lengths resulted in a similar correlation of percentage dwell time and number of transitions with average daily seizure frequency (Table A. 3).
Validation of epileptic dynamic functional connectivity
A two-sample Kolmogorov-Smirnov test could not demonstrate a significant difference between the percentage dwell time in each state and number of transitions of the validation data set and those of the main data set (Table 4, Figure 11 
Discussion
Dwelling in states with a lower mean functional connectivity, segregation and integration
The aim of this study was to identify changes in dynamic functional connectivity and functional network topology during the development of epilepsy in the IPKA rat model of TLE, and to investigate whether these changes are associated with the occurrence of spontaneous seizures . In IPKA and control animals, 6 recurring states of functional connectivity could be distinguished. Percentage dwell time in the states with the highest mean functional connectivity was lower in the IPKA group compared to the control group, while dwell time was higher in the states with the lowest mean functional connectivity. In states with a higher mean functional connectivity, clustering coefficient and local efficiency were higher as well, indicating a high segregation or local interconnectivity. In these states, characteristic path length was lower and local efficiency higher, indicating a high integration or overall communication efficiency. Similarly, segregation and integration were lower in states with a lower mean functional connectivity. The decomposition of time-varying global graph theoretical network metrics into states of functional network topology led to similar results. Dwell time was lower in states with a higher functional connectivity, segregation and integration in the IPKA animals.
Significant changes in percentage dwell time could already be found 1 week post-SE, but the largest changes occurred between 1 and 3 weeks post-SE, after which dwell time remained constant. This timeline corresponds with the timing of structural changes during epileptogenesis in the IPKA rat model for TLE. During the first 4 weeks post-SE, neuronal degeneration can be found in hippocampus, amygdala, thalamus, piriform cortex and cortex and there is an increase in astrogliosis. Microgliosis already reaches a maximum 1 week post-SE, after which it remains high (Bertoglio et al., 2017; Sharma et al., 2008) .
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Our results indicate that the epileptic rat brain is characterized by states with a lower overall functional connectivity, segregation and integration, which is in line with studies investigating static functional connectivity in rat model of TLE. Christiaen et al. (2019) found a decreased functional connectivity, segregation and integration in the IPKA rat model for TLE, mainly in regions of the default-mode network (DMN). In the same model, Pirttimäki et al. (2016) reported small changes in functional connectivity in several brain regions 1 week post-SE and decreased functional connectivity, predominantly between the somatosensory cortex and thalamus and between the perirhinal and piriform cortices, 1 or 2 months after SE. Bertoglio et al. (2019) demonstrated a highly affected functional connectivity in multiple regions of the DMN and a wide-spread network connectivity hyposynchrony 2 weeks post-SE. On the other hand, Gill et al. (2017) found that functional connectivity was increased within the temporal regions and the limbic network and between the anterior and posterior DMN 4 to 5 weeks post-SE. Jiang et al. (2018) demonstrated that connectivity of the hippocampal functional network was decreased in several regions, including hippocampus, amygdala, thalamus, motor cortex and somatosensy cortex, and increased in the visual cortex, mesencephalon and insula in the pilocarpine rat model of TLE. Overall, most of these studies found a decreased static functional connectivity in rat models of TLE. This is in agreement with our current findings regarding global changes in dynamic functional connectivity and network topology during epileptogenesis. In addition, it is in line with our finding that coreness, a measure for the relative importance of a node in the network, varies most between FC states in visual cortex, thalamus and hippocampus, 3 regions of the rat DMN (Becerra et al., 2011; Lu et al., 2012) . Hippocampus and thalamus are also regions that are highly affected by neuronal degeneration in the IPKA rat model (Bertoglio et al., 2017; Sharma et al., 2008) .
Changes in variability of functional connectivity, segregation and integration
Furthermore, our study indicates that the total number of transitions between states of functional connectivity and network topology is lower in the IPKA group compared to the control group, i.e., the flexibility is lower. Variability in functional connectivity and integration, assessed using the standard deviation over scanning time of network metrics, was lower in the IPKA animals compared to the control group, while variability in segregation was higher. This is in line with the findings of Douw et al. (2015) , who found a lower flexibility in functional connectivity of the posterior cingulate cortex in patients with TLE, which was correlated with disturbed memory functioning.
Since the FC states mostly differ in mean value rather than specific connections or ROIs and transitions predominantly occur between neighbouring states, it is possible that there is a continuum between states and our classification is somewhat artificial. However, even if this would be the underlying truth, our main conclusions still stand, namely that functional connectivity, integration and segregation are more often low and vary less in IPKA animals compared to control animals and that animals that dwell in states of high FC, have more chronic seizures.
Correlation with seizure frequency
Interestingly, average daily seizure frequency was positively correlated with percentage dwell time in states with a high mean functional connectivity and high segregation and integration, and negatively with dwell time in states with a low mean functional connectivity and low segregation and integration, 1 and 16 weeks post-SE. So, our findings indicate that animals that dwell in states with high functional connectivity, segregation and integration have more chronic seizures. This is in line with the findings of Bertoglio et al. (2019) , who reported a positive correlation between functional J o u r n a l P r e -p r o o f Journal Pre-proof brain connectivity and seizure frequency in the IPKA model f or TLE. On the other hand, residing in states of low functional connectivity, associated with lower seizure frequencies, may reflect the protective effect and effectiveness of the treatment of epilepsy by means of resective/disconnective surgery (Englot et al., 2017) . Since FC is more restricted to the states with the lowest FC, integration and segregation in animals that have fewer seizures, it is conceivable that temporary increases in FC might be necessary for seizures to be generated.
We also found a positive correlation between number of seizures on the one hand and the number of transitions 16 weeks post-SE and standard deviation over scanning time of global degree and local efficiency 1 week post-SE on the other hand, indicating that number of seizures is higher in animals with more variable functional connectivity.
Dynamic functional connectivity in patients with TLE
In the last five years, several studies investigated dFC in patients with TLE. Laufs et al. (2014) found that the BOLD signal variance was increased in the temporal pole, including the hippocampus , and reported greater variance in dFC between this brain region and the precuneus, sensory motor structures and frontal cortices using seed-based correlation and a sliding window analysis. Morgan et al. (2015) calculated the standard deviation across 20 FC values of a network, obtained using a sliding window approach, and covariance of the FC time series between two networks and found a nonsignificant decrease in FC in the cingulate midline network in TLE patients and an increase in FC variability that was correlated with disease duration (Morgan et al., 2015) . Using a Bayesian hidden Markov model approach, Chiang et al. (2016) found that small-world index was more stationary than characteristic path length in TLE patients, but less than clustering coefficient, suggesting that the balance between integration and segregation might be affected in these patients (Chiang et al., 2016) . Two years later, Chiang et al. (2018) found decreased FC and several abnormal spectral features of FC between the DMN and the memory network in TLE patients, that indicated that FC fluctuated at lower frequencies and with less variability, using a Generalized Autoregressive Conditional Heteroskedasticity model and time-frequency analysis. They reported that this may lead to a lower flexibility for cognitive processing, which could be related to the memory impairment that is often seen in TLE patients (Chiang et al., 2018) . Overall, these studies found that FC variability was both increased, which was correlated with disease duration, and decreased, which was related to impaired cognitive processing. This is in line with our results, which show that variability in FC is lower in IPKA animals, but a higher variability is related to a higher seizure frequency.
Validation data set
We believe that this is the first study investigating dynamic functional connectivity in a rat model of epilepsy. To validate our findings, we repeated the analysis for a different data set consisting of rsfMRI scans of 8 IPKA animals acquired 20 weeks post-SE. Percentage dwell time in each state and the number of transitions in the validation data set were very similar to the ones in the IPKA group of the main data set 16 weeks post-SE, and statistically indistinguishable.
findings are also in line with previous findings using static FC analysis. Therefore, we believe that the fluctuations in FC we found, are related to underlying brain activity.
While we found clear differences in dynamic functional connectivity and network topology between IPKA animals and control animals, it is not easy to link them directly to specific mechanisms of epileptogenesis. It is clear that the timeline of our findings corresponds well with known structural changes in the IPKA model, such as neuronal degeneration and gliosis, which suggests that these are most likely related. Other imaging techniques, such as diffusion MR imaging, might help to elucidate the relationship between changes in (dynamic) functional connectivity and mechanisms of epileptogenesis.
Future work
We found a lower flexibility in FC, which might be related to cognitive problems and memory impairment . In future studies we aim to confirm this with behavioural testing. In addition, we would like to investigate changes in structural connectivity underlying alterations in (dynamic) functional connectivity. We believe this will improve the understanding of how altered functional connectivity is related to structural lesions during epileptogenesis. Therefore, we plan to do a longitudinal rsfMRI and diffusion MRI study, combined with behavioural testing.
Conclusion
We investigated changes in dynamic functional connectivity and network topology during epileptogenesis in the IPKA rat model of TLE using longitudinal resting state fMRI. First, we found that functional connectivity states with a lower mean functional connectivity and network topologies with a lower segregation and integration occur more often in IPKA animals compared to control animals. In addition, functional connectivity becomes less variable during epileptogenesis. Secondly, we found a positive correlation of average daily seizure frequency with percentage dwell time in states with a high mean functional connectivity, high segregation and integration, and a higher number of transitions, and a negative correlation with percentage dwell time in states with a low mean functional connectivity and low segregation and integration. This indicates that animals that dwell in states of higher functional connectivity, segregation, integration, and have a higher FC variability, have more chronic seizures. 
